I. INTRODUCTION
Induction motors are very common for industrial applications due to their low price and increased reliability. However an increased reliability does not mean completely fault free operation, especially taking into consideration the harsh operating conditions under which induction motors often operate. Therefore over the years a need emerged for monitoring induction motors in order to prevent anticipated failures due to electrical or mechanical faults.
As a result a number of methods have been proposed over the years trying to diagnose the condition of induction motors [1] , [2] . Among the different types of induction motor faults, rotor related faults have attracted the most attention from the research community. One of the reasons is that if rotor faults go undetected they can propagate toward the adjacent bars culminating to a state that it might not be time to perform maintenance. For this type of faults, Motor Current Signature Analysis (MCSA) [3] , is the most common tool for fault detection and diagnosis (FDD) primarily due to its noninvasive nature [4] .
MCSA relies on the fact that the breakage of a bar produces a "faulty" component with characteristic frequencies given by the following equation:
where s f is the fundamental frequency and s is the slip. Usually MCSA methods using the Fast Fourier Transform (FFT) or some other spectrum estimation method, try to detect one of the aforementioned component, namely the Lower (or Left) Sideband Harmonic (LSH), which is given for 1 k and taking the minus sign in eq. 1:
On the other hand, MCSA despite its convenience, has some drawbacks, related to false alarms created by other phenomena (e.g. load torque oscillations), which leave their "fingerprints" at frequencies that can coincide with those caused by broken rotor bars [5] , [4] .
Transient-MCSA (TMCSA) came to complement traditional MSCA by focusing on the analysis of the start-up current [5] , [7] using advanced signal processing methods [5] , [7] - [9] . These methods try to quantify in some way the evolution, primarily of LSH. Ideally, the frequency of the LSH varies from s f to zero and back again close to s f , depending on the value of slip at steady state [7] . This characteristic V like pattern is the main focus of this work. Even though this pattern has been investigated in other research attempts [10] - [14] , this is the first time, to the authors' best knowledge, that three different time-frequency decomposition methods are compared, in a qualitative manner, using exclusively data coming from industrial motors. The three methods were selected primarily due to their wide use in the engineering field and due to their ease for parameter tuning, when compared to other newly proposed methods, such as the Empirical Mode Decomposition (EMD). In other words they could be considered as "off-the-shelf" methods for a practicing engineer. Here it should be noted that practicing engineers are sometimes unwilling to use tools that do not understand, while on the other hand their confidence on an automatic method increases when the method can provide compelling evidence about the decision reached. That is the reason that the few commercial condition monitoring devices provide In a similar manner, depicting the V pattern in case of start-up transient can further enhance the reliability of a method that is based on the analysis of the starting-up current. In both cases "seeing is believing", a concept that is starting to attract more attention in the machine learning community [18] .
The rest of the paper is structured as follows: Section II provides a brief background for each one of the three methods. Section III presents the experimental procedure followed and the produced result in the form of time frequency(scale) plots along with a qualitative assessment of these results and finally section IV concludes this work discussing some directions for future work.
II. METHODS
In this article, three time-frequency analysis methods are used namely, the Short Time Fourier Transform (STFT), the Continuous Wavelet Transform (CWT) employing the complex Morlet wavelet and the (pseudo) Wigner-Ville Distribution (WVD). The same set of methods were employed in one of the earliest studies in the field of TMCSA [19] .
A. Short Time Fourier Transform
The STFT or the Window Fourier Transform (WFT) is one of the simplest and most widely used methods in practice, for analyzing a signal in time and frequency, even though it is not the first chronologically introduced. As its name implies, WFT consists of the application of the Fourier transform over a sliding window w t on the signal x t under investigation.
STFT creates a time frequency representation, which is called spectrogram ,
In general, STFT it is easy to implement using the FFT. The use of FFT makes the spectrogram a very user friendly tool for engineers who are usually familiar with its application. In fact it was the first tool to be used for the analysis of the start-up transient of induction motors with and without rotor asymmetry [20] . From another point of view, one of the limitations of the STFT is the trade-of between frequency and time resolution.
B. Continuous wavelet transform

A wavelet
t is, a localized waveform (a short-term duration wave) that satisfies certain conditions [21] . The continuous wavelet transform of a signal x t is given as follows:
where a is called the scale parameter, b is the translation parameter and the asterisk indicates that the complex conjugate of the wavelet function is used in the transform. The resulting wavelet coefficients provide a time-scale representation of the original signal, usually through the
which gives the relative contribution of the signal energy at a given location b and for a specific scale a . Among the various "mother" wavelets, the complex Morlet wavelets are usually used for time-frequency analysis [22] :
where c f is the central frequency of the wavelet and b f is the bandwidth. The wavelet transform creates a time-scale representation; however a correspondence between scale and frequency exists through the notion of "pseudo-frequency":
where samp f is the sampling frequency in Hz.
C. Wigner-Ville distribution
The WVD , W t is the first method used for the time frequency decomposition of signals [23] , originally developed within the quantum thermodynamics field [24] :
The WVD has a number of desired (theoretical) properties, including increased resolution [25] . However the WVD is a quadratic method giving rise to interference terms, which can create serious problems in the interpretation of the results, especially in the presence of noise or in the presence of multiple frequency components. To alleviate the interference problem the pseudo-WVD can be used which applies a smoothing window h , trading some of the properties of the WVD for a reduction of the interference terms:
The pseudo-WVD is calculated using the TFTB Toolbox [27] .
III. EXPERIMENTAL PROCEDURE-RESULTS
A. Data
In this work, six start up currents from six large motors are tested. A summary of their characteristics is given in the following Table I . It should be noted that due to the proprietary nature of the data, very few information can be provided. All motors had some degree of asymmetry, which was verified either after disassembling the motor or through further dedicated condition monitoring tests. The fundamental frequency in all cases is 50Hz.
B. Preprocessing
All currents are normalized by division with their corresponding maximum absolute value. Since the fundamental frequency creates problems with the introduction of interference terms, in the case of WVD distribution even by the use of a smoothing window, the fundamental frequency was removed using a combination of two elliptical filters [13] : an elliptic notch filter with the notch located at 50 Hz and a low pass elliptic filter with a cut-off frequency at 45 Hz. For a fair comparison, the same process for eliminating the fundamental component is employed before the application of STFT and CWT.
C. Results
The results of the application of the three time-frequency analysis methods are depicted in Fig. 1-6 . In each figure, the top graph depicts the start-up current, followed by the spectrogram, the scalogram and the pseudo-WVD. In all cases a logarithmic scale is used.
M1:
The M1 motor is a water feeding pump, with verified asymmetry. As it can be seen in Fig.1 all three methods easily capture the evolution of the faulty harmonic. In this specific case, the pseudo-WVD offers the highest resolution.
M1: The M2 motor is a double speed motor driving a fume exhausting fan. The motor has a very low asymmetry level. Both the spectrogram and the scalogram can show that there is some sort of asymmetry in the rotor but in both of them spurious other frequencies are spread across the timefrequency/scale plane, Fig. 3 . These components create a great deal of interference, which completely hides the faulty component in the pseudo-WDV (bottom of Fig. 2) M3: The M3 motor is installed as a high-speed coal mill facility. It has a clear asymmetry, which is easily detected by all three representations, Fig. 3 . The asymmetry is so profound that even though other frequency components are present, which create interference terms in the pseudo-WVD, the faulty component is still visible. The created pattern in all cases does not exactly follow the V shape, bringing forward the issue discussed in the next section: a V pattern should be expected in a slip-frequency plane while some distortion should be expected in a time-frequency plane.
M4: M4 is similar to M2, operating under similar settings too, but this time the level of asymmetry is much higher. As in the case of M2, the faulty component is depicted in both the spectrogram and the scalogram, while the interference terms completely mask the presence of the faulty component in the pseudo-WVD, Fig. 4 .
M5: M5 is installed in a coal mill. Due to the quite fast starting time, only the right branch of the V pattern is captured, while the left one is masked by the interference created by the electromechanical transient, Fig. 5 . This is a phenomenon that has been observed also in simulations and during the analysis of fast start-ups in laboratory environments [26] .
M6: M6 drives a fan. All three methods are able to capture the evolution of the faulty component, Fig. 6 . It is worth noting that a second V like pattern component appears which as in the case of M3 reminds us that the V pattern is an undisputable indicator of rotor asymmetry (only) in a slipfrequency plane. 
IV. CONCLUSIONS
This work presents a qualitative analysis of three different time-frequency methods for the analysis of the start-up currents using a very large, compared to what is encountered in the relative literature, number of industrial motors.
The results are somewhat similar to those presented in an earlier study [19] indicating that among the three methods the pseudo-WVD can face problems at the presence of noise, which is very common in industrial settings. In situations like these further preprocessing is needed in order of the pseudo-WVD to be effective [28] . This approach was not pursued in this work, which mainly focuses on the use of "off-the-shelf" methods for the analysis of the start-up current. The other two two methods captured the faulty component in all six cases. Between the two no clear advantage could be established of one of the methods over the other. Therefore as a general rule of thumb both methods can be used in case of real life applications. If from the resulting time-frequency planes it is clear that the level of noise is not high, the pseudo-WVD can be used as a complementary means to provide higher resolution.
The analysis also revealed that for increasing the reliability of the use of this kind of methods, the slip information should also be included either directly through physically measuring the speed or indirectly through estimation procedures [29] . The reason is that the anticipated V pattern might appear distorted in the time-frequency plane (Fig. 3) or there might be a need to be discriminated from other V-like patterns (Fig.  6 ) which are not related to the LSH. For the latter the inclusion of higher bands could be beneficial. This path will be investigated in future work. Figure 4 . The start-up current, the spectrogram, scalogram and the pseudo-WVD of motor M4 -similar motor and industrial environment to M2. As in Fig. 3 the faulty compoenent cannot be depicted by the pseudo-WVD due to interference terms.
In future work slip estimation will be integrated in the analysis while an automatic procedure for detecting the presence of an asymmetry will be used. This however does not mean that the depictions of the time-frequency (or slipfrequency) will become obsolete, since as it was pointed out in the introduction, "seeing is believing". Figure 5 . The start-up current, the spectrogram, scalogram and the pseudo-WVD of motor M5 -coal mill motor. All three methods are able to capture only part of the V pattern. The first half is hidden because it is very close to the electromechanical intereference created by the starting of the motor. Figure 6 . The start-up current, the spectrogram, scalogram and the pseudo-WVD of motor M6 -driving a mill fan. All three methods are able to capture the characteristic V pattern. A second V pattern is also visible which should not be confused to the LSH.
